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Introduction
The aim of this Oikos special issue entitled ’Individual heterogeneity: the causes and 
consequences of a fundamental biological process’ was to provide a balanced view of 
individual heterogeneity as a biological process relevant for a broad range of ecolo-
gists and not simply as a noisy process that needs to be accounted for to get reliable 
estimates of biological parameters. The methodological and empirical contributions 
included in this special issue provide a synthesis of the recent advances in measuring 
and quantifying individual heterogeneity. These contributions also provide a broad 
range of perspectives on the ecological and evolutionary causes and consequences of 
individual heterogeneity. The works compiled in this special issue emphasize the rel-
evance of individual heterogeneity as a biological process that shapes a substantial 
proportion of observed variation in traits, which can drive population demography 
and eco-evolutionary dynamics. Following discussions held during the workshop 
(‘Ontogeny, adaptation, and chance in life-history trajectories: do individual differ-
ences matter?’ UiT The Arctic University of Norway, 13–15 October 2015) dedicated 
to this special issue, we propose a way forward in the study of individual heterogeneity 
in ecology and evolution, by identifying research gaps that still need to be filled and 
challenges that remain to be solved, both from a methodological and an empirical 
viewpoint.
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Methodological developments
The importance of individual heterogeneity for ecological 
understanding is nothing new. Non-random variation in fit-
ness traits has been acknowledged for some time, for instance 
in classic model species like Darwin’s finches Geospiza scande 
(Grant and Grant 2000). Such pioneer studies typically 
focused on summary measures of individual heterogene-
ity over the entire lifetime, such as variation in longevity, in 
the number of breeding occasions, or in lifetime reproduc-
tive success. Nowadays, methodological progress such as the 
development and easy implementation of generalized mixed 
modelling has allowed researchers to examine individual het-
erogeneity in more detail throughout an individual’ lifetime, 
i.e. within life-history trajectories. The three methodological 
papers included in this special issue go a step further (Caswell 
and Vindenes 2018, Gimenez et al. 2018, Hamel et al. 
2018). Together, they provide an overview of the recent sta-
tistical methods and theoretical developments for taking into 
account two major issues that have been so far largely over-
looked: first, that individual heterogeneity is more structured 
than is generally assumed, both within and among traits, and 
second, that individual heterogeneity might result from sto-
chastic processes and not necessarily be adaptive.
The contributions in this special issue clearly demonstrate 
that using mixture or joint modelling to account for the struc-
ture of individual heterogeneity improves our understanding 
of the causes and consequences of individual heterogeneity. 
Individual heterogeneity is commonly modelled using mixed 
models that include a random effect, which typically assume 
a single normal distribution of individuals in relation with 
a single variable or trait (Pinheiro and Bates 2000, Gelman 
2006). Mixture models can account for the presence of groups 
or subpopulations within a population (McLachlan and Peel 
2000), whereas joint models can account for the shared latent 
correlation that commonly occurs across traits as a result of 
individual heterogeneity (Henderson et al. 2000). The enthu-
siasm for such models is growing in ecology. For instance, 
mixture models are increasingly used to uncover life-history 
tactics that may occur within a population (Authier et al. 
2012, Chevallier et al. 2013, Fay et al. 2016, Hamel et al. 
2017, 2018) and to partition the variance in lifetime demo-
graphic traits into components due to heterogeneity fixed at 
birth and heterogeneity generated by stochasticity during a 
life course (Hartemink et al. 2017, Jenouvrier et al. 2017, 
Hartemink and Caswell 2018). Joint models are used to 
assess the full co-variation among traits, thereby improv-
ing our understanding of positive and negative relationships 
among numerous traits (Cam et al. 2002, Pavitt et al. 2016, 
Careau and Wilson 2017, Hamel et al. 2017). Still, prog-
ress is required in terms of both developing these modelling 
frameworks and communicating them to enhance knowledge 
transfer. For example, criteria used in mixture modelling 
for determining the number of subgroups or tactics occur-
ring within a population do not always agree, in particular 
when the focal traits do not follow a normal distribution 
(Brame et al. 2006, Everitt et al. 2011, Cubaynes et al. 2012, 
Stahl and Sallis 2012, Hamel et al. 2017). Furthermore, even 
though mixture and joint models are increasingly accessible 
to researchers, they remain complex tools, which still limits 
their use. The ecological community would therefore benefit 
from increasing availability of tutorial examples (Hamel et al. 
2017, Gimenez et al. 2018). Such examples would also help 
prevent potential misuse of statistical methods, which is unfor-
tunately commonplace in ecology. For example, Houslay and 
Wilson (2017) pointed out that researchers still frequently 
extract best linear unbiased predictors (BLUPs) from mixed 
models as a measure of individual differences and then use 
these BLUPs as independent data in subsequent analyses. This 
approach is flawed because it ignores the uncertainty in indi-
vidual values estimated from BLUPs, a point that has been 
clearly demonstrated years ago in the context of ecological 
and evolutionary studies (Hadfield et al. 2010). Using a joint 
modelling approach to model the covariance among traits is 
a more appropriate way to assess how individual heteroge-
neity in one trait affects another trait (Hadfield et al. 2010, 
Houslay and Wilson 2017). 
The special issue is also highlighting that, although indi-
vidual heterogeneity can play a fundamental role in many 
aspects of ecology and evolution, some variation can result 
from stochastic processes, i.e. neutral heterogeneity, and may 
not necessarily be adaptive (Caswell and Vindenes 2018, 
Jouvet et al. 2018). We have known since Darwin that varia-
tion is the fuel for the evolution of any given trait (Darwin 
1871). We thus need to understand which processes give 
rise to individual heterogeneity and assess reliably whether 
individual heterogeneity is adaptive (i.e. individual differ-
ences leading to differences in fitness due to heritable genetic 
variation) or not (i.e. individual differences only driven by 
random factors). Nowadays, nobody doubts that both types 
of variation co-occur in most populations (Caswell 2009, 
Tuljapurkar et al. 2009, Steiner et al. 2010, Mauck et al. 
2012, Plard et al. 2012, Cam et al. 2013, Hartemink et al. 
2017). Unfortunately, there is as yet no method that allows 
teasing apart adaptive versus neutral individual heteroge-
neity to quantify their respective contributions (Bonnet 
and Postma 2016, Cam et al. 2016, Authier et al. 2017, 
Jouvet et al. 2018). In addition, it is important to note that 
neutral heterogeneity might also be adaptive, because large 
amounts of neutral heterogeneity can slow adaptive processes 
and hence might buffer against environmental disturbance 
(Steiner and Tuljapurkar 2012). However, we do not have 
the possibility to evaluate this in the modelling frameworks 
currently available. We might therefore need a new method-
ological approach to be able to untangle adaptive and neutral 
heterogeneity to move forward and be able to assess whether 
individual differences are adaptive. Recently, new perspec-
tives to incorporate multiple kinds of heterogeneity have 
been presented (Jenouvrier et al. 2017). Nonetheless, because 
parameters for estimating the different kinds of heterogene-
ity are competing for the same information in the models 
(Nerlove 2014), we might be unable to really solve this ques-
tion due to identifiability issues. Resolving this, however, 
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would provide a promising avenue to be able to determine 
when individual differences are important and when they can 
be neglected, and at which stage of the life-history trajectory 
individual differences are most pronounced and influential in 
determining adaptation. 
Moreover, in the current context of climate change, we 
must start considering whether and how adaptive individual 
heterogeneity influences responses to changes in environ-
mental conditions, and then assess the impacts of variable 
environments on the abundance and persistence of popu-
lations. Pioneering demographic analyses have shown that 
ignoring individual heterogeneity leads to erroneous conclu-
sions in terms of population dynamics (Johnson et al. 1986). 
Increased individual differences can lead to an increase in 
the persistence probability of small populations through 
selection of individuals surviving better under adverse/new 
conditions (Conner and White 1999, but see Vindenes et al. 
2008). In fact, we could expect the magnitude of adaptive 
individual heterogeneity to affect the probability of a popu-
lation to persist under variable conditions similarly to the 
influence of phenotypic plasticity or bet-hedging. Still, it is 
unsure whether phenotypic plasticity promotes or hinders 
adaptation to climate scenarios in the long run (Chevin and 
Lande 2015). Phenotypic plasticity can provide a buffer to 
environmental changes, but there is likely a limit depending 
on the rate of changes and the costs of phenotypic plastic-
ity (Chevin et al. 2010). Correlation among multiple envi-
ronmental variables can also result in maladaptive plasticity 
or may constrain adaptation (Chevin and Lande 2015). For 
example, the phenotypic response to environmental changes 
on the wintering grounds of common terns Sterna hirundo 
likely hindered phenotypic responses to environmental 
changes on their summer breeding ground (Dobson et al. 
2017).
To our knowledge, models aiming to project how climate 
change will affect populations and ecosystems have not yet 
included the influence of individual heterogeneity and its 
potential interaction with other processes in their projections, 
as done for phenotypic plasticity (Chevin et al. 2010). The 
work by Vindenes and Langangen (2015) is a notable excep-
tion and has opened the way to such population projections 
by demonstrating that accounting for individual heteroge-
neity can change predicted population responses to climate 
warming. Using pike Esox lucius as a case study, these authors 
showed that demographic responses to climate warming were 
reversed once they accounted for the high heritability of the 
focal trait, i.e. for the high variation in the trait transmit-
ted genetically. To perform population projections including 
individual heterogeneity, we need modelling approaches that 
reliably capture the factors shaping the magnitude of both 
adaptive and non-adaptive individual heterogeneity and 
how individual heterogeneity may or not respond to changes 
in conditions over time. We thus need models that can 
include both factors enhancing variation – like spatiotempo-
ral variation in environmental conditions, genetic diversity 
(Lindström 1999, Senner et al. 2015, Westneat et al. 2015, 
Crone 2016) – and those limiting it – like viability/fertil-
ity selection and compensatory growth (Vaupel et al. 1979, 
Conover and Munch 2002, Coulson and Tuljapurkar 2008, 
Ozgul et al. 2009, Hamel et al. 2016).
Finally, even using the best models available, the results 
we can currently obtain are limited by available data. Study-
ing individual heterogeneity requires a large amount of data 
because we usually need repeated measures of individuals, 
which ideally requires the monitoring of individually identifi-
able animals from birth to death. Some level of genetic infor-
mation is also required to separate out heritable components 
(e.g. selective and neutral heterogeneity). It also requires 
following a large enough number of individuals to ensure 
that parameters (e.g. variance) are estimated accurately. The 
amount of data needed is not always easy to determine, 
but some tools like SQuID (Allegue et al. 2017) provide to 
researchers the opportunity to simulate complex data sets 
that can guide for determining the required sample size for 
a specific question. Moreover, in the context of estimating 
variation in different environmental conditions, the mod-
elling will require not only estimating random intercepts, 
but also random slopes and their correlation with random 
intercepts (Schielzeth and Forstmeier 2009, van de Pol and 
Wright 2009). Unless the study design consists of manipulat-
ing wide-ranging conditions, a long time series will often be 
required to reach a large enough sample size that also captures 
a sufficiently broad range of conditions to be able to estimate 
the random slopes. In addition, missing values in the indi-
vidual time series remain an important issue, with missing 
values of over 25% being shown to have the potential to bias 
estimates (Hamel et al. 2012, Brooks et al. 2017). Therefore, 
although studies should always be designed according to the 
questions to be answered, we need to remember that study-
ing individual heterogeneity is data-hungry and relies heavily 
on long-term, individual-based studies. This highlights the 
limits of the questions that can be addressed, but also reem-
phasizes the need for protecting and pursuing these extremely 
valuable long-term studies (Clutton-Brock and Sheldon 
2010). For instance, there are now unprecedented opportu-
nities for using vital rates collected in demographic databases 
(e.g. compadre/comadre:  www.compadre-db.org ) and 
conduct comparative analyses, such as comparing demo-
graphic contributions to demographic variance (Caswell and 
Vindenes 2018). Nonetheless, individual level data is still not 
commonly available in such databases, and we therefore call 
for more data sets at the individual level to be made available. 
Origin and maintenance of heterogeneity and its 
impacts on life histories and population dynamics
The special issue includes four empirical studies based on very 
different model systems, i.e. bacteria, mites, snakes, and birds 
(Gangloff et al. 2018, Jouvet et al. 2018, Smallegange et al. 
2018, Vedder and Bouwhuis 2018). In addition, the meth-
odological papers include examples from plants, ungulates 
and humans (Caswell and Vindenes 2018, Gimenez et al. 
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2018, Hamel et al. 2018). Together, these studies clearly 
show that each model species is more suitable for answer-
ing some questions than others. For instance, Jouvet et al. 
(2018) used bacteria to disentangle adaptive and neutral 
heterogeneity because bacteria can be cloned and are easy 
to work with in laboratory experiments, which make them 
perfectly suited to control for genotype and environmental 
differences. Fast-living species with short generation times 
like mites (Smallegange et al. 2018) facilitate a faster gain of 
insights into evolutionary consequences of individual hetero-
geneity than slow-living species with long generation times. 
One classic, fast-living model species studied in ecology and 
evolution is Drosophila spp. Although Drosophila are usually 
not individually tracked, groups of individuals have been fol-
lowed to show that the observed plateaus for late fecundity 
can be due to heterogeneity and not to a real levelling off at 
old ages (Khazaeli and Curtsinger 2014, Curtsinger 2015). 
In contrast, individuals of more long-lived species often expe-
rience widely varying conditions throughout their lifetime, 
which offer opportunities to study cumulative effects and 
their causes and consequences at different life-history stages 
over the lifespan. Interestingly, although slow organisms are 
less sensitive than fast organisms to environmental variabil-
ity (Morris et al. 2008, Dalgleish et al. 2010, Gamelon et al. 
2014), they are limited by their lower evolutionary potential 
(Vedder et al. 2013). This suggests that contrasting slow-fast 
species could provide far-reaching insights on the influences 
of changes in environmental conditions (Smallegange et al. 
2014). In addition, extremely long and detailed time series 
have been collected for some species like humans (Briga et al. 
2017), primates (Bronikowski et al. 2016), ungulates (Festa-
Bianchet et al. 2017), or seabirds (Wooller et al. 1992), 
making it possible to also study gradual changes in individual 
heterogeneity through time (Hartemink et al. 2017, Caswell 
and Vindenes 2018).
The life-history contrast between short-lived and long-
lived species is especially interesting because the data col-
lected from these different species sometimes must be 
investigated using models with different distributions. For 
instance, short-lived mammals like voles can produce several 
large litters within a year (Lambin and Yoccoz 2001, Speak-
man 2008). Thus, the most appropriate distribution for their 
annual fecundity (sensu Allainé et al. 1987) is a Poisson 
or generalized Poisson regression (Kendall and Wittmann 
2010). Conversely, long-lived mammals, like elephants, 
whales, or humans, usually produce only a single offspring 
per reproductive attempt, with long inter-birth intervals 
(Kraus et al. 2001, Hayward et al. 2015, Lee et al. 2016). 
In such cases, annual fecundity is usually modelled with a 
logistic regression. Comparing variation in reproductive 
success between short- and long-lived animals is therefore 
challenging because individual heterogeneity will be mod-
elled differently and the estimation of the amount of indi-
vidual heterogeneity is sensitive to these modelling choices 
(Hamel et al. 2012). To circumvent this, reproductive success 
of all species can be expressed as a simple binary variable, 
e.g. successful or not. This, however, will underestimate the 
amount of individual heterogeneity in reproductive success, 
especially in short-lived species where individuals typically 
do not skip any potential reproductive attempts (Speakman 
2008). Hence, individual heterogeneity will be found in 
the number of offspring produced or raised successfully 
(Bouwhuis et al. 2009) rather than in the probability of pro-
ducing offspring at each reproductive attempt. Individual 
heterogeneity in plant reproductive success is expected to 
be even more complex. Although we currently lack accurate 
measurements of demographic heterogeneity for plant spe-
cies, the lower explanatory power of the slow–fast continuum 
to explain life-history variation observed in plants (Salguero-
Gomez et al. 2016) should lead to consider other axes of 
life-history variation to assess the role of demographic 
heterogeneity in these organisms.
Nonetheless, recent developments in stochastic models 
(so-called Markov chains with rewards) provide a power-
ful and general approach to analyzing lifetime reproduc-
tive success for age-classified, stage-classified, and multistate 
models, for any kind of reproductive output distributions, 
and including a general sensitivity analysis (van Daalen and 
Caswell 2017). These analyses have shown that the stochas-
ticity within the individual life cycle produces much more 
variation in lifetime reproductive output than might be 
expected (Caswell 2011, van Daalen and Caswell 2017), with 
consequences to be explored at the population level (Caswell 
and Vindenes 2018).
Much discussion on heterogeneity centers on the iden-
tification of the type of heterogeneity, and to some degree 
on the consequences of such heterogeneity over one genera-
tion (Steiner and Tuljapurkar 2012, Cam et al. 2016). Even 
if we have means to accurately quantify components of fixed 
and dynamic heterogeneity – and overcome additional chal-
lenges related to heritable heterogeneity in phenotypic plas-
ticity, bet-hedging, and epigenetically driven heterogeneity –, 
we still lack understanding of how heterogeneity influences 
evolutionary dynamics over multiple generations. If traits 
related to fixed heterogeneity are heritable, as for instance 
reproductive rates in Weddell seals Leptonychotes weddellii 
(Chambert et al. 2014), selection should remove individuals 
with low reproductive rates. But then, how is heterogeneity in 
reproduction maintained in the following generations? New 
directions leaning on population genetic theories or quantita-
tive genetics, building for instance on mutation-selection bal-
ance equilibria (Wachter et al. 2013) or the development of 
quantitative genetic integral projection models (Coulson et al. 
2017, Janeiro et al. 2017) depict promising avenues. These 
new directions help to understand how heterogeneity can 
be maintained but are not necessarily having an individual 
level focus. Nevertheless, these directions illustrate how 
synthesising concepts from these different fields and aiming 
to combine approaches across fields will be an important step 
forward.
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Conclusion
We still have far to go before we reach a deep understand-
ing of the causes and consequences of individual heteroge-
neity. As discussed here, many challenges lie ahead but this 
special issue provides an overview of our current knowledge 
on the ecological and evolutionary causes and consequences 
of individual heterogeneity. We hope this special issue will 
clarify some of the issues surrounding individual heteroge-
neity and establish foundations for future work within this 
timely topic, which currently attracts increasing attention 
from ecologists and evolutionary biologists. This increas-
ing enthusiasm is not specific to our field. In economics, 
for instance, the Bank of Sweden Prize in Memory of Alfred 
Nobel was awarded to Heckman in 2000 for his work on the 
importance of individual heterogeneity in the field of eco-
nomics (Heckman 2001). As he made clear in his Memorial 
Lecture, this work started with the availability of new sources 
of data on individual behaviour after the Second World War, 
leading to the development of new analytical models, which 
then both influenced economic theory as well as the evalua-
tion of the impacts of public policy. This pattern is similar to 
what we have seen in quantitative genetics and ecology, and 
we hope this special issue will inspire evolutionary ecologists 
to continue developing and using new analytical frameworks 
to improve our understanding of the causes and conse-
quences of individual heterogeneity at all scales of biological 
organization.
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